Adaptation is the process whereby a population or species becomes better fitted to its habitat through modifications of various life history traits which can be positively or negatively correlated. The molecular factors underlying these covariations remain to be elucidated. Using Saccharomyces cerevisiae as a model system, we have investigated the effects on life history traits of varying the dosage of genes involved in the transformation of resources into energy. Changing gene dosage for each of three glycolytic enzyme genes (hexokinase 2, phosphoglucose isomerase, and fructose-1,6-bisphosphate aldolase) resulted in variation in enzyme activities, glucose consumption rate, and life history traits (growth rate, carrying capacity, and cell size). However, the range of effects depended on which enzyme was expressed differently. Most interestingly, these changes revealed a genetic trade-off between carrying capacity and cell size, supporting the discovery of two extreme life history strategies already described in yeast populations: the "ants," which have lower glycolytic gene dosage, take up glucose slowly, and have a small cell size but reach a high carrying capacity, and the "grasshoppers," which have higher glycolytic gene dosage, consume glucose more rapidly, and allocate it to a larger cell size but reach a lower carrying capacity. These results demonstrate antagonist pleiotropy for glycolytic genes and show that altered dosage of a single gene drives a switch between two life history strategies in yeast.
Adaptation to a given environment is characterized by an increase in fitness which is made possible by the existence of variation in life history traits such as age of maturity, growth rate, fecundity, and/or survival. Selection cannot maximize life history traits altogether because trade-offs limit the set of possible combinations of trait values. A trade-off occurs when an increase in fitness due to a change in one trait is opposed by a decrease in fitness due to a concomitant change in the second trait (51) . The combinations of life history trait values that are selected for in a given population define life history strategies.
Phenotypic variation of life history strategies among species has been extensively described (51, 52, 60) . However, predicting life history trait evolution still requires a better knowledge of the genetic bases of their variation and covariation (51, 60, 61) . Quantitative trait loci (QTL) of life history traits have been mapped in many species (for a review, see references 25, 28, and 56) , and variation in life history traits has been associated with variation in gene expression using a transcriptomics approach (reviewed in references 51 and 59). Spontaneous mutations in experimental evolution or mutagenesis experiments also allowed detection of genetic variation of life history traits (34, 35) . However, these experiments did not separate trans-acting from cis-acting genetic effects, and the contribution of single genes versus epistasis effects remained difficult to evaluate. Furthermore, the origin of the genetic correlations, either linkage disequilibrium between separate loci or pleiotropy where a single gene has effects on two or more traits, could not be determined.
The budding yeast Saccharomyces cerevisiae has been shown recently to display genetic and plastic variations for life history traits (57, 58) . Genetic correlations between traits revealed a continuum of life history strategies, ranging from the "grasshoppers," which consume glucose at a high rate and have a large cell size and a low carrying capacity, to the "ants," which consume glucose at a low rate and have a small cell size but reach a high carrying capacity. This study suggested that genes involved in glucose uptake were good candidates for studying the genetic bases of trade-offs between life history traits. More generally, glycolysis, which converts glucose into energy, appears as a central pathway for resource allocation to life history traits. A molecular signature of past selection has been detected for several glycolytic genes in a wide range of species (13, 45) . However, in contrast, several mutant analyses have shown that the flux of the superpathway of glucose fermentation, including glycolysis, did not vary in response to changes in enzyme activities. For instance in S. cerevisiae, overexpressing separately eight glycolytic and alcoholic fermentation enzymes or overexpressing both phosphofructokinase and pyruvate ki-nase at the same time did not increase ethanol production (55) . Increasing the expression of phosphoglucose isomerase in another yeast strain did not change the glucose flux either (4), and increasing the expression of phosphofructokinase did not affect glycolytic flux under anaerobic conditions (15) . Altogether, these results suggest that glycolytic flux is at a plateau, where the variation of individual enzyme activities is buffered.
In spite of these data, the results of Spor et al. (57, 58 ) encouraged us to study whether changing glycolytic gene dosage could affect the glucose uptake rate and life history traits of S. cerevisiae. We focused on the three reversible reactions of the hexose part of the glycolytic pathway. This part includes the glucose-6-phosphate (G6P) branch point between glycolysis, the pentose phosphate (PP) pathway, trehalose biosynthesis, and the gluconeogenesis pathway. Glycolysis allows production of ATP necessary for cell growth in fermentation. The pentose phosphate pathway is a major cellular source of NADPH, which is used for reductive biosynthesis reactions and also generates precursors for the synthesis of nucleotides and amino acids. Trehalose and glycogen are carbohydrate storage molecules which can be reallocated to glycolysis or the PP pathway when needed. The G6P branch point enzymes can therefore play an important role in fitness, as shown in Drosophila (24) . We constructed strains with four different gene dosages of these three glycolytic enzymes: the hexokinase 2 (one of the glucose phosphorylating enzymes), phosphoglucose isomerase, and fructose-1,6-bisphosphate aldolase (7) . To do so, we used the wild-type (wt) diploid strain BY4743, deletion mutants of each gene, and multicopy plasmids containing each of these genes. In these strains, we analyzed the glucose consumption rate as well as cell size, growth rate, and carrying capacity. These three life history traits are expected to exhibit a genetic trade-off (57, 58) . If their phenotypic covariation is the result of the variation in expression of one of our candidate genes and if the tested gene exhibits antagonistic pleiotropy, we expect to find that the variation of expression of a gene correlates positively with one life history trait but negatively with the other. If, in addition, the changes in gene dosage are associated with a change in glucose uptake rate, then pleiotropy is likely mediated by the different functions of the glycolytic pathway rather than by direct effects of a gene product on several traits.
MATERIALS AND METHODS
Construction of test strains. All the strains were constructed from the S. cerevisiae laboratory strain BY4743 (Table 1 ). The wild-type diploid strain, the one-copy deletion mutants of PGI1 and FBA1, and both copies of a deletion mutant of HXK2 were obtained from Euroscarf (Frankfurt, Germany). For one set of these strains, these four strains were transformed with the empty vector pCM190 (Euroscarf). These strains were denoted, respectively, the wt, pgi1⌬, fba1⌬, and hxk2⌬/hxk2⌬ strains. For another set of these strains, they were transformed with the multicopy pCM190 vector containing one of the genes of interest. These strains are denoted the PGI1 over strains, where the superscript indicates overexpression of the gene in the vector. The pCM190 plasmid is an episomal yeast plasmid, which carries 2m DNA sequence including the origin of replication (26) . It also contains seven tetracycline-repressed expression promoters (tetO boxes) that were used to control expression of the genes of interest.
The construction of the overexpression plasmids started with amplification of the three genes of interest (HXK2, PGI1, and FBA1) from genomic DNA of the BY4743 wild-type strain. Three DNA fragments containing each gene flanked by BamHI and NotI sites were generated by PCR amplification using primers presented in Table 2 . The PCR products were gel purified using a QiaQuick kit (Qiagen, Courtaboeuf, France), and the purified fragments were cloned into pGEM-T (Promega, Charbonnières, France). After the sequences were confirmed, the three fragments were excised from pGEM-T by digestion with BamHI and NotI and again were gel purified using the QiaQuick kit. The resulting DNA fragments were ligated into the high-copy-number tetracyclineregulatable expression vector pCM190 that had been digested with BamHI and NotI (26) . This resulted in the constructions of pCM190-FBA1, pCM190-HXK2, and pCM190-PGI1. The lithium acetate (LiAc) method was used to transform S. cerevisiae strains (27, 41) . Because of the presence of a URA3 marker on pCM190, the transformants were selected on synthetic complete medium lacking uracil (SC-URA). This medium consisted of 0.17% yeast nitrogen base without amino acids and without ammonium sulfate, 0.5% ammonium sulfate, 0.2% amino acid drop-out mix without uracil, and 2% glucose as a carbon source (53) . Yeast growth kinetics. Strains were streaked on SC-URA plates to get single colonies. For each strain, one colony was picked up and transferred into a 50-ml tube containing 20 ml of SC-URA liquid medium. After an overnight culture at 30°C, around 5 ϫ 10 5 cells were transferred into a 50-ml tube containing 40 ml of fresh SC-URA liquid medium and incubated at 30°C with shaking. Every hour, 1 ml of culture was taken to measure the cellular density by spectrophotometry (optical density at 600 nm [OD 600 ]) and to estimate the extracellular glucose concentration as well as the enzyme activity. In addition, every 2 h, the number of CFU was counted by plating about 200 cells on two yeast-peptone-dextrose (YPD) agar plates so that we could estimate the relationship between the number of living cells (CFU) and cellular density (OD 600 ).
Enzyme assays. Total soluble protein extracts were prepared from cells harvested every hour during the growth assay. At each time point, cell pellets were resuspended in 30 l of YeastBuster reagent (Novagen, Darmstadt, Germany) with 1 mM phenylmethylsulfonyl fluoride (PMSF) and incubated at room temperature for 20 min. After centrifugation at top speed for 10 min at 4°C, the supernatants were used as samples for enzyme assays. Bradford's method was used to determine the amount of total protein in at least 10-fold diluted crude cell extracts (8) . All enzyme assays were carried out at 25°C, pH 7.5, in a final volume of 1 ml containing 50 mM PIPES (piperazine-N,NЈ-bis(2-ethanesulfonic acid) buffer, 100 mM potassium chloride, and 5 mM magnesium acetate (23) .
The activity of total glucose-phosphorylating enzymes was determined by spectrophotometric measurement at 340 nm in an enzyme-coupled assay containing 0.4 mM NADP (Sigma, St. Louis, MO), 1.5 U of glucose-6-phosphate dehydrogenase (Sigma, St. Louis, MO), 1 mM ATP, 6 mM glucose, and cell extract. The enzyme activity measured was the sum of the activities of hexokinase isoenzyme 1 (Hxk1p), hexokinase isoenzyme 2 (Hxk2p), and glucokinase 1 (Glk1p). As we modified the expression level of only the HXK2 gene, any variation in total glucose-phosphorylating activity is due to this enzyme.
Phosphoglucose isomerase (EC 5.3.1.9) activity was determined by spectrophotometric measurement at 340 nm in an enzyme-coupled assay containing 0.4 mM NADP, 1.8 U of glucose-6-phosphate dehydrogenase, 5 mM fructose-6-phosphate (Sigma, St. Louis, MO), and cell extract (36, 62) .
Fructose-1,6-diphosphate aldolase (EC 4.1.2.13) activity was determined by spectrophotometric measurement of NADH oxidation at 340 nm in an enzymecoupled assay containing 0.15 mM NADH (Sigma, St. Louis, MO), 4.3 U of glycerol-3-phosphate dehydrogenase (Sigma, St. Louis, MO), 50 U of triosephosphate isomerase (Sigma, St. Louis, MO), 6 mM glyceraldehyde-3-phosphate (Sigma, St. Louis, MO), and cell extract.
For each enzyme i (i ϭ 1, 2, 3) and each level of expression j (j ϭ 1, 2, 3, 4), we estimated the activity (A ij ) as mole of substrate transformed per minute and per mg of total extracted cellular proteins (mole ⅐ min Ϫ1 ⅐ mg
Ϫ1
). The enzymatic activity was measured every hour over the growth assay and was found to be stable. The mean enzymatic activity was therefore calculated and used for statistical analyses. The enzymatic activity was calculated in three independent growth assays. Note that for figures, we show the mean enzymatic activity of each strain ij relative to the wild-type strain (A ij /A wt ). Since the enzyme activity is the product of the catalytic constant (k cat ) and enzyme concentration (E ij ) and since k cat is not modified by the change in gene copy number, the ratio A ij /A wt reflects the relative change in concentration. Estimation of population size, growth rate, carrying capacity, cell size, and yield. During the growth assay, the optical density (OD 600 ) was measured every hour, and the number of CFU (population size N) was determined every 2 h. To estimate N at each time point, we analyzed the relationship between N and OD 600 at the time points where we had both values using the following hyperbolic equation:
The parameters a and b were estimated for each strain and all repetitions. With the estimates of a and b, we calculated N from the OD 600 at each time point, i.e., every hour, using the reciprocal relation, as follows: N ϭ (b ϫ OD 600 )/(a Ϫ OD 600 ). For each strain, the continuous change of population size was analyzed using the logistic model fitted to the estimated N values, i.e., every hour, as follows:
, where N t is the population size at time t, N 0 is the initial population size, K is the carrying capacity (equivalent to the maximum population size), and r is the intrinsic growth rate (equivalent to the maximum rate of increase of the population). This model allowed us to estimate two fitness traits: the carrying capacity K and the intrinsic growth rate r. The growth rate at a specific time point (R t ) was calculated using the following relation:
Cell size could be estimated indirectly using the OD 600 value and the population size, N t , because optical density depends on both cell size and the number of cells:
where cell size (CS) is expressed in OD 600 units per cell. Using equation 1 and 2, cell size was deduced from the number of cells:
The yield was estimated as the product of cell size and carrying capacity divided by the amount of consumed glucose when the carrying capacity is reached. Cell sizes were also independently measured in another experiment using a Beckman Coulter Counter Z2 (Fullerton, CA). The linear correlation between the cell sizes measured with the Coulter Counter and the estimated cell sizes from the OD 600 values was highly significant (P Ͻ 0.001). The estimated cell sizes calculated at the time point when 25% of the glucose was consumed (T 25 ), when the other phenotypes were also quantified, were used for data analysis.
Glucose consumption rate. The glucose consumption rate, denoted J, was estimated by following the changes over time of the extracellular glucose concentration. The glucose consumed at time t was estimated by the difference between the initial extracellular concentration of glucose (20 g/liter) and the extracellular concentration of glucose at time t. Extracellular glucose concentration at time t was measured with an enzymatic kit (rBiopharm, Darmstadt, Germany) composed of two enzymes (hexokinase and glucose-6-phosphate dehydrogenase) which catalyze the following reactions:
The NADPH formed by this enzymatic reaction, measured by spectrophotometry at 365 nm, is stoichiometrically equal to the glucose present at the beginning of the reaction. The change over time of the consumed glucose concentration (G t ) was fitted to a logistic model:
where G t is the glucose concentration at time t, G m is the initial and thus , was estimated as follows: J t ϭ (1/N t )(dG t /dt). Statistical analyses. Growth rate, glucose consumption rate, and cell size are changing over the population growth. To compare the tested strains, we had to choose a similar time point. We chose the beginning of the exponential phase, when 25% of the glucose is consumed. This also corresponded to the time when the specific glucose consumption rate (J T25 ) is almost at its maximum.
Effect of changing gene expression. For each gene (HXK2, PGI1, and FBA1) and each phenotypic trait, the effect of the variation in gene expression was analyzed using the following linear model of analysis of variance: Y jk ϭ ϩ Block k ϩ Expression j ϩ E jk , where Y jk is the quantitative variable (A i , J T25 , K, R T25 , CS T25 , or Yield), Block k is the block effect (k ϭ 1, 2, 3), and Expression j is the gene expression effect (j ϭ 1, 2, 3, 4). When we did not find any block effect, the block effect was deleted from the model. Mean differences between pairs of expression levels were assessed by contrast analysis. Due to heteroscedasticity of activity A i , the variable was log transformed in order to meet the conditions of application for analysis of variance (ANOVA).
Relationship between fitness traits and glucose consumption rate. Over all the tested strains, i.e., including variation of expression for all enzymes, a regression analysis was performed to study the relationship between the specific glucose consumption rate at T 25 (J T25 ) and the fitness traits using the following model: Y ijk ϭ ␣J T25ijk ϩ ␤ ϩ E ijk , where Y ijk is the phenotypic value of a fitness trait (R T25 , K, or CS), J T25ijk is the specific glucose consumption rate of the strain having the jth level of expression (j ϭ 1, 2, 3, 4) for enzyme i (i ϭ 1, 2, 3) in block k (k ϭ 1, 2, 3), ␣ is the slope, ␤ is the intercept, and E ijk is the residual error.
Relationship between fitness traits. A Pearson correlation analysis over all tested strains, i.e., including variation of expression for all enzymes, was performed to study the pairwise relationships between the fitness traits.
RESULTS
For each enzyme (hexokinase isoenzyme 2, phosphoglucose isomerase, and fructose-1,6-bisphosphate aldolase), four strains with different levels of gene dosage were constructed (Table 1) : a wild-type diploid strain containing an empty multicopy vector (wt), a strain with the target gene overexpressed in a multicopy plasmid (e.g., the FBA1 over strain), a hemizygous or homozygous deletion mutant containing an empty multicopy plasmid (e.g., the fba1⌬ strain), and this deletion mutant with the target gene overexpressed in a multicopy plasmid (e.g., the fba1⌬ FBA1 over strain). As expected, changing gene dosage changed the enzymatic activity for all enzymes (Table 3 and Fig. 1 ). Hemizygous pgi1⌬ and fba1⌬ mutants had significantly lower activities (P Ͻ 0.001). In both cases, enzyme activity fell to about half of the wild-type activity. The hxk2⌬/hxk2⌬ double deletion mutant also had a reduced level of glucose phosphorylating enzyme activity (P ϭ 0.016). In this deletion mutant, the glucose phosphorylating activity was provided only by the two other phosphorylating enzymes, hexokinase isoenzyme 1 (Hxk1p) and glucokinase 1 (Glk1p) (5, 12, 66) .
Increasing gene expression in the wild-type strain by adding the multicopy plasmid resulted in all cases in an increase in enzyme activity compared to that of the wild-type strain (P 0.031 for the HXK2 strain, P ϭ 0.013 for the PGI1 strain, and P ϭ 0.004 for the FBA1 strain) (Fig. 1) . Similarly, increasing gene expression in deletion mutants by adding the multicopy plasmid increased the mean activity for all enzymes (P ϭ 0.006 for the HXK2 strain, P ϭ 0.021 for the PGI1 strain, and P Ͻ 0.001 for the FBA1 strain) (Fig. 1) .
Changing the dosage of any of the three glycolytic genes led to glucose consumption rate and life history trait variation but did not change significantly the yield, i.e., the biomass produced per gram of glucose (Table 3 ). The magnitude of the phenotypic effect was gene dependent.
The double deletion of HXK2 had the most noticeable effects. It led to a 2-fold decrease of the mean glucose consumption rate relative to that of the wild-type (P Ͻ 0.001). Deletion of HXK2 also led to a decreased growth rate and a decreased cell size but increased carrying capacity. Interestingly, increasing expression of HXK2 did not change the glucose consumption rate but seemed to be costly since it led to a decreased growth rate (P ϭ 0.08 for the difference between the wt and HXK2 over strains and P ϭ 0.01 for the difference between the hxk2⌬/hxk2⌬ HXK2 over and HXK2 over strains) and decreased carrying capacity (P ϭ 0.009 for the difference between the hxk2⌬/hxk2⌬ HXK2 over and HXK2 over strains). Deleting one of the two copies of PGI1 had no effect on either the glucose consumption rate or life history traits. In contrast, increasing PGI1 copy number in the wild-type strain led to a significantly increased glucose consumption rate (P Ͻ 0.001). This was associated with an increased cell size (P Ͻ 0.001) and decreased carrying capacity (P Ͻ 0.001) but had no effect on growth rate, which was robust in spite of any changes in PGI1 expression.
Deleting one copy of FBA1 in the wild-type diploid strain had no significant effect on either the glucose consumption rate or the fitness traits. In contrast, increasing expression of FBA1 improved the glucose consumption rate of the wild-type strain (P ϭ 0.046) and of the hemizygous deletion mutant (P Ͻ 0.001). This is associated with a significantly decreased carrying capacity (P Ͻ 0.001 for the wt versus the FBA1 over strain and P ϭ 0.007 for the fba1⌬ strain versus the fba1⌬ FBA1 over strain). No significant variation in growth rate and cell size was detected when changing FBA1 expression.
With four levels of gene dosage for three genes and three replicates, we got a range of 36 values of the glucose consumption rate. The relationship between the glucose consumption rate and each of the life history traits was analyzed (Fig. 2) . A positive correlation between the glucose consumption rate and growth rate was observed (R 2 ϭ 0.42; P Ͻ 0.001). This correlation was mainly due to the HXK2 deletion mutant since the correlation was no more significant when the three corresponding data points were excluded from the analysis. A positive correlation between the glucose consumption rate and cell size was found (R 2 ϭ 0.64; P Ͻ 0.001) and remained significant without the HXK2 deletion mutant points (R 2 ϭ 0.44; P Ͻ 0.001). Finally, a negative correlation between the glucose consumption rate and carrying capacity was detected (R 2 ϭ 0.78; P Ͻ 0.001), even when the HXK2 deletion mutant points were excluded (R 2 ϭ 0.55; P Ͻ 0.001). A negative correlation between the carrying capacity and cell size was detected over the 12 strains (R 2 ϭ 0.62; P Ͻ 0.001) (Fig. 3) . A negative correlation was found between the growth rate and carrying capacity (R 2 ϭ 0.25; P ϭ 0.002), and a positive one was found between the growth rate and cell size (R 2 ϭ 0.26; P ϭ 0.002), but these correlations were not detected when the mutants lacking HXK2 were excluded.
DISCUSSION
We showed that changing the activity of an enzyme by changing its gene dosage led to a change of glucose uptake rate along an ascending saturation curve. This type of relationship is consistent with the metabolic control analysis (MCA) framework (29, 31, 62) and has been observed in several biological systems, both in vitro by reconstructing metabolic pathways (23) and in vivo in plants (33) , animals (54) , and microbes (14, 32) .
Increasing activity of Pgi1p or Fba1p 1.5-to 2-fold led to a significant increase in the glucose uptake rate. These results challenge the common idea that yeast glycolytic flux is at a plateau and cannot be increased by increasing the activity of glycolytic enzymes. They contrast with the conclusion of a classical paper that showed that increasing expression of several glycolytic genes did not modify ethanol production (55) . Discrepancy with our results might be due to the fact that we have analyzed the glucose uptake rate rather than the fermentation rate. Alternatively, the results can simply reveal genetic background and/or environment effects, as observed in a number of other eukaryotic and prokaryotic organisms (2, 3, 20, 63) . Therefore, glycolytic flux might be improved by altering glycolytic gene dosage in yeast.
We showed that changing gene dosage of glycolytic genes led to a quantitative change of the three life history traits (growth rate, carrying capacity, and cell size). However, growth rate was less affected than carrying capacity and cell size (Table  3) . It did not vary significantly in response to a change of PGI1 and FBA1 gene dosage, which can be explained by the fact that glucose can be used for storage and not for growth and proliferation.
Changing the HXK2 gene dosage resulted in variation of the growth rate, which is consistent with the predominant role played by Hxk2p in glucose phosphorylation during fermentative growth (5, 66) . In addition, Hxk2p interacts with a catabolic repressor complex (1, 21, 39, 40) . Therefore, its deletion activates the expression of many genes, which can be costly for the cell (17, 49) .
Changing the dosage of HXK2 or PGI1 led to a significant change in cell size. The genetic components of cell architecture, including cell size, have been previously studied using QTL mapping and systematic deletion approaches (38, 42, 43) . The genetic bases of morphological parameters appear to be complex, with evidence of both epistasis and transgressive segregation, and the QTLs and genes identified by the two approaches did not match. Here, we showed that cell size is linked to glycolytic genes. Although an earlier report related cell size to growth rate (65) , more recent studies revealed that, in continuous culture under respiro-fermentative growth conditions, cell size increases when glucose metabolism shifts to ethanol production independently of the specific growth rate (47, 48) . Ethanol may act as a quorum-sensing signal, leading to an increase in cell size (30) . Our data provide genetic evidence supporting the link between cell size and glycolytic flux under fermentative growth conditions, independent of the growth rate.
To our knowledge the genetic control of carrying capacity has not been previously studied. The carrying capacity is classically defined as the maximum population size that a given environment can support given finite resources (16) . It reflects the ability of a population to survive and/or colonize other environments. It should not be confounded with yield, which depends on both the carrying capacity and cell size. In ecology, when it is expressed in mathematical models, K is often considered a fixed parameter, the value of which depends only on resource availability. Thus, the within-species genetic differences are often assumed to be negligible. We used the resource consumption rate to show that this parameter depends on the genotype of individuals. Its phenotypic mean value varied in response to a change of expression of any of the three investigated glycolytic genes. This result highlights the need for including genetic components of carrying capacity in population dynamics modeling.
Cell size and carrying capacity were negatively correlated when the gene dosage of any of the three enzymes was changed. Only a few studies have analyzed the genetic bases of life history trait correlations, and so far only in rare cases has single-gene pleiotropy been demonstrated. The development of microarray technology has allowed the exploration of molecular mechanisms of trade-offs and the identification of genes that affect life history traits in opposite ways. In Drosophila melanogaster, a shift between energy metabolism and protein biosynthesis, regulated by the RAS signaling pathway, could explain the trade-off between larval survival and adult FIG. 3 . Relationship between the carrying capacity (K) and cell size. The symbols are the same as those described in the legend of Fig. 2 (6) . In whitefish, the differences between two life history strategies can be associated with upregulation of genes involved in energy metabolism, lipid metabolism, iron homeostasis, and detoxification and with downregulation of genes involved in protein synthesis, cell cycle, and cell growth (59) . However, in most cases, the identification of pleiotropic genes involved in genetic correlations between life history traits is hampered by the fact that genetic correlation can also be due to linkage disequilibrium or to the influence of a third unmeasured trait (11, 50) . The few studies investigating pleiotropic effects of spontaneous mutations are mainly restricted to a few life history traits in two model species, D. melanogaster (22, 35, 67) and Arabidopsis thaliana (9, 37) . In Drosophila, the general consensus from these studies seems to be that mutations affecting life history traits tend to produce intermediate-to-high positive correlations (22) , with little evidence of genetic trade-offs generated by antagonistic pleiotropy. In Arabidopsis, McKay et al. (37) provided good evidence to suggest that shared QTL underlying flowering time and water use efficiency represent truly pleiotropic genes. Similarly, Camara et al. (9, 10) detected pleiotropic loci in Arabidopsis, notably for flowering time and number of rosette leaves. However, examples of pleiotropic genes accounting for life history trade-offs remain sparse.
We showed that several genes of a single pathway may display pleiotropy for life history traits. We had previously observed a negative correlation between carrying capacity and cell size by studying a collection of yeast strains (57, 58) and had defined two extreme life history strategies, those of the ants and the grasshoppers described above. Here, we showed that changing the expression of a single glycolytic gene allows a shift from one strategy to the other. The switch between life history strategies occurred under fermentation conditions and did not result in significant yield variation. Therefore, the two adaptation strategies did not reflect the well-known metabolic trade-off between fermentation and respiration. It seems, rather, that the two strategies are related to the allocation of glucose to either internal cellular storage or energy for increased population size. One can see the grasshopper strategy as a selfish one where the individuals allocate resources to their own use and survival and the ant strategy as a cooperative one where resources are allocated to the whole population. Our results suggest that glycolytic genes would be directly involved in such a social strategy. Trade-offs between life history traits have been hypothesized to arise as a consequence of metabolic competition for resources (6) or pleiotropic effects independent from resource allocation (18, 59) . We showed that both explanations may be linked: genes involved in resource uptake may display pleiotropy for life history traits.
Further developments of this work will concern the significance of the results for real environmental niches to determine if strains isolated from various niches and having different life history strategies show the three genes upregulated and/or present at different copy numbers. Even though variation in gene copy numbers in yeast evolution is largely documented (19, 46, 64) , we did not find in the yeast sequencing genome database any evidence for copy number variation for HXK2, PGI1, and FBA1 in the nine strains previously characterized as typical of ants and grasshoppers (54) . So the variation of these enzymes, if any, would reside in the levels of expression. Experimental evolution of several strains in different environments would be another way to study the genetic bases of life history strategy variation. Such a work is in progress in our laboratory. Convergence toward the ant or grasshopper strategy, depending upon the environment, was observed. The results of genome sequencing of ancestral and evolved strains are being analyzed to identify the selected mutations. With the diversity of genetic backgrounds and the pervasiveness of epistasis (44) , several molecular scenarios are expected.
In summary, our findings give the first example of pleiotropic genes affecting both fitness traits and social strategies through quantitative variation of metabolic rate of a single pathway. Although other genes are probably involved in differences between ant and grasshopper life history strategies, our results allow a better understanding of the metabolic constraints on fitness trait variation.
